Success of a tracking method depends largely on choosing the suitable window size as soon as the target size changes in image sequences. To achieve this goal, we propose a fast tracking algorithm based on adaptively adjusting tracking window. Firstly, tracking window is divided into four edge subwindows, and a background subwindow around it. Then, by calculating the spatiotemporal gradient power ratios of the target in each subwindow, four proper expansion vectors are associated with any tracking window sides such that the occupancy rate of the target in tracking window should be maintained within a specified range. In addition, since temporal changing of target is evaluated in calculating these vectors, we estimate overall target displacement by sum of expansion vectors. Experimental results using various real video sequences show that the proposed algorithm successfully track an unknown textured target in real time, and is robust to dynamic occlusions in complex noisy backgrounds.
Introduction
Finding the location of a moving target in a cluttered background is the main goal of a video tracking algorithm.
1 Considering a rectangular tracking window in most tracking algorithm as a surrounding region of target, has an important effect in reducing the computational cost as well as in increasing the stability of algorithm performance especially in a cluttered background. Whenever size, shape, or orientation of targets are changing in successive frames, tracking algorithms should estimate true position of the target as well as size of tracking window, 2 such that occupancy rate of the target in tracking window should be remained in a certain range.
In segmentation-based tracking algorithms, when the target is separated from the background successfully, 3 some simple boundary detection methods like edge walking algorithm 4 can be used to estimate the size of the target. In some tracking methods like correlation-based algorithms, there is no target segmentation; therefore some researchers supposed that the spatial power in the inner part of tracking window edge mainly depends on the contrast between the target and the background. 5 When this power is high (low), it means that the occupancy rate of the target in tracking window edge is high (low), and therefore target size should be increased (decreased).
Chodos et al. 5 suggest a dual mode video tracker that uses maximum-power strategy such that the size of tracking window can be adjusted independently in four directions. This algorithm employs four edge subwindows located adjacent to the tracking window; therefore each side of the tracking window coincides with the outward side of an edge subwindow. For each side of the tacking window, the algorithm computes the power of spatial gradients in current edge subwindows, and it expands or contracts four virtual subwindows by one pixel shift sideway. Then, the sides of tracking window are updated based on the current or virtual side that results in the "maximum power" for spatial gradients. This method effectively works in cases when a target with high SNR is moving across a relatively simple background. However, its performance degraded in a noisy video with a complex background. Chien and Sung 6 introduce a correlation-based tracking algorithm employing the four-direction adaptive windows method with independent sizing vectors for enhancing the performance of tracking in the cluttered backgrounds. This method controls the sizing magnitude in four directions to reduce the influence of background and increase the occupancy rate of the target. Son et al. 7 use spatial gradients power in each subwindow to control the target size. In addition, the noise and the complexity level of background is estimated to reduce their effect on the gradients, and to improve the sizing performance in complex and noisy backgrounds. In most tracking algorithm, sizing of tracking window is performed after tracking algorithm. Although the sizing can be performed regardless of the tracking algorithm, it is more efficient if the sizing is performed within the same context as the tracking algorithm.
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In general, if the sizing is performed accurately, there is no need to implement additional tracking algorithm. Based on this, in this paper we suggest a novel and accurate sizing algorithm that can be used even as a tracking algorithm. We show that the proposed algorithm is robust partly to occlusion. The computational cost of the proposed algorithm is low such that it is suitable for real time video tracking. This paper is organized as follows. In Sec. 2 we will first introduce the overall block diagram of our tracking algorithm. Section 3 provides a new modified background of adaptive sizing of tracking window which is based on new analysis of spatiotemporal gradient powers of target and background. Section 4 presents target motion estimation that uses these calculation results of the proposed adaptive sizing. In fact, these two latest sections provide theoretical backgrounds of our proposed tracker. In Sec. 5, we briefly present overall proposed algorithm and the experimental results with real and artificial sequences are given and quantitatively compared in Sec. 6.
Proposed Tracking Algorithm
Overall schematic of proposed algorithm is shown in Fig. 1 . We suppose that initial position of target and its tracking window have been previously determined properly in the first frame (F 1 ). Tracking window must contain not only target pixels but also background ones. Then target motion vector is estimated for each of the next frames (F k , k ≥ 2) by adaptively adjusting tracking window. Tracking loop will be closed after updating tracking window content with respect to the new target position. It must be noted that using this feedback structure results in a stable tracking ever since the initial size of target window might not have been properly chosen and so may be very larger than the real target size.
Adaptive Sizing of Tracking Window
Suppose that initial position of target and its tracking window have been previously determined in the first frame. In the next frames, tracking window must be adjusted so that occupancy rate of the target stays in a predefined range. For this, rectangular tracking window is divided into four edge subwindows located in its border sides, and four relational expansion vectors will be determined by measuring relative amount of spatiotemporal powers in each subwindow.
Tracking window separation
In a simple way, we assume that tracking window (T W ) should have a rectangular shape and as depicted in Fig. 2 , includes four interior edge subwindows EW i (i = 1, 2, 3, 4). To measure complexity of the background texture and properly adjusting window size, it is effective to introduce background windows (BW ) that are adjacent to tracking window.
Measuring relative spatiotemporal powers
Let I k−1 (x, y) and I k (x, y) be the intensities of the pixel (x, y) in the (k − 1)th and kth frames, respectively. The two spatial gradients (in horizontal and vertical direction) and temporal changing of these two consecutive frames for pixel (x, y) can be defined as:
(1)
If we calculate these gradients for all pixels of a window W , the total power of spatial and temporal gradients in W can be given as:
The covariance C ab between a(x, y) and b(x, y) is given by:
where N W denotes the number of pixels in W . The first three terms of Eq. (2) express the spatial powers 7 and the last two terms of it, represent amount of total powers caused by interaction between spatial and temporal gradients.
The ideal for tracking is that the target displacement is estimated using only the gradients caused by the target. However, in practice, it is inevitable that a tracking window or subwindow will also contain some type of background. Therefore, the total power in Eq. (2) is related to not only interested target pixels, but also its background pixels. In other means, each of the covariance functions used in Eq. (2) can be expressed by the sum of the two separated terms as follows:
where, as depicted in Fig. 3 , R T and R B are the target and background regions, respectively in W . If N T and N B denote the number of target and background pixels in W , then Eq. (4) can be rewritten as:
In normal conditions, there are no target pixels in a background window (W ∈ BW ); so Eq. (5) can be simplified as:
For inner subwindows (W ∈ {T W, EW i for i = 1, 2, 3, 4}), it is seen that the second term in Eq. (5) is caused by background effect and it is clear that it can significantly degrade the tracking performance, because the goal of this paper is to estimate target motion vector based on calculations that are involved in expansion vectors estimation. To quantitatively analyze this unwanted effect of background, for simplicity, we can approximately express the relation between target and background covariance functions in W by:
where w BC is defined as Background Complexity coefficient. Hence, we consider three various states for a background that encloses the target:
(i) Silent background which contains a relatively simple and smooth texture and
Complex background when the background is full of high spatial frequencies and then BC H < w BC < 1.
The complex background state occurs when camera displacement between two consecutive frames is so large that the static background appears with a big apparent motion, and the magnitude of background motion is comparable with the target motion. Therefore, in these situations we have w BC ∼ = 1. We will use these states of background in the proposed tracking algorithm.
Meanwhile in our proposed algorithm, we need to calculate the target power that is related to the target texture and motion; so, by simplifying the result of Eq. (5), we will have:
Suppose P W is the total spatiotemporal power in window W that was previously calculated by Eq. (2), the target power can be expressed as:
Our effort in controlling tracking window is to keep the ratio of (N T /N B ) constant in the subsequent frames and therefore the occupancy rate of the target in any subwindow W ∈ {T W, EW i for i = 1, 2, 3, 4} should be maintained in the specified range. For this, to calculate P T W from Eq. (9), we do not need to know how much pixels are N T and N B . So by changing w BC coefficient, it can be seen that only in the complex background state, the target power in a typical window is very close to the total power of that window, and in other states of background (silent and semi-complex) P 
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The Background Complexity coefficient, w BC , can be evaluated by the ratio of two powers as:
where P BW denotes the mean of spatiotemporal powers that have been calculated in four background windows, BW , and P T W is the total spatiotemporal power in tracking window, T W . We always assume that adjusting window size is utilized only when w BC ≤ T BH , where T BH is a predetermined threshold. When the calculated w BC is greater than T BH , it means that the background is complex; therefore, target tracking by our proposed algorithm must be terminated.
Decreasing noise effects
Since a real video is usually contaminated by additive white noise, the adaptive sizing of tracking window and consequently tracking performance is also affected by noise. To quantitatively investigate the effect of noise on power calculations, consider that the measured intensities in pixel (x, y) of kth frame can be separated as below:
where I s k (x, y) and n k (x, y) denote the uncorrupted signal and additive white noise, respectively. Similar effects on spatial and temporal gradients can be accounted by:
where H(·), V (·), and T (·) are respectively the horizontal, vertical, and temporal gradients of uncorrupted signal I s k (·), while in a similar manner n h (·), n v (·), and n t (·) are respectively the horizontal, vertical, and temporal gradients of additive noise n(·). Having replaced these relations into Eq. (2), it can be expressed as:
where P n denotes the powers caused by spatiotemporal changing of additive noise n(·) in W and can obviously affect the tracking performance. In order to decrease this unwanted effect when background complexity is less than a threshold T BH , for each edge subwindow EW i , we introduce the real power ratios of target to that of overall tracking window, T W , as:
where P T EWi is the only target spatiotemporal power in any EW i subwindows that is calculated by Eq. (9) and P n is the estimated value for the spatiotemporal power of noise in Eq. (14) which is estimated based on:
where T BL and T BH are fixed thresholds that are application-dependent. We spatially shift each side of the tracking window according to the power ratio of r i . As shown in Fig. 4 , if r i is less than a threshold T EL , the target should have been small compared to the window size, and then we need to contract the corresponding window side. In contrast, if r i is greater than a threshold T EH , we expand the tracking window from its corresponding side. In the cases where T EL ≤ r i ≤ T EH , the tracking window will be left unchanged.
Target Motion Estimation
As shown in 
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Displacement shift of ith side in pixel unit is evaluated by:
where α i and β i are defined as the size and sign weighting factors of ith side, respectively. Moreover, consider C x and C y are the constants that are employed to control the speed of window sizing; these factors are given by:
In this paper, the parameters C x and C y are fixed to 40. It must be noted that these two parameters can be independently fixed with respect to specified application.
Temporal changing of the target in tracking window is accounted since we calculate side expanding vectors ds i (i = 1, 2, 3, 4). Therefore, it will be found that overall target displacement in pixels, d = (dx, dy), can also be estimated by the sum of vectors; i.e., dx = ds 4 − ds 3 , dy = ds 2 − ds 1 .
As such, the size of the tracking window as well as the target position are updated according to the result of the adaptive sizing in Eq. (16) and the estimated displacement d in Eq. (18).
Overall Algorithm
More formally, the proposed method is described in the following algorithm: is greater than T BH ).
Experimental Results
We evaluate the performance of the proposed method using various real and artificial test sequences. Practical results on a typical crowded road are shown in Fig. 6 . The size of each frame is 720 × 576 and the interested vehicle target which is shown by white tracking window, moves faster than 1.5 pixels per each frame (pef ). Moreover, six dynamic occlusions 
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To evaluate the performance of the proposed algorithm and compare with Ref. 7, we quantify the well-known center position error E p , and the window sizing error E s as follows 6, 8 :
where the point ( x, y) is the target position estimated with the proposed tracker, and the point (x, y) is the actual target position on the image which has been previously recorded by manually clicking on the center gravity of the known target. A is the area of the adjusted tracking window with the proposed tracking algorithm, and A is the actual area of the known target which is computed through its boundary points.
We compare the results of our tracker with the proposed method in Ref. 7 which similarly uses adaptive sizing of tracking window. As shown in Fig. 7 , E p and E s errors are intensively reduced by utilizing our adaptive sizing tracker. In addition, by employing the proposed motion estimation, the temporal dynamic occlusions do not prevent our tracker from tracking the interested target, while the proposed method in Ref. 7 has missed the target as soon as the first occlusion appeared in tracking window.
Similar results on a typical artificial FLIR sequence have been shown in Fig. 8 . Target trajectory has been generated by the second order Gaussian Markov model. To assess the robustness of our algorithm, Gaussian noise with zero mean and 0.003 variance has been added to video sequence. Target shape is varying during the sequence such that its size changes from the initial 12 × 15 pixels to 4 × 5 pixels in the last frame. Apparent background motion due to camera displacement also appeared in video sequence. Considering Fig. 9 , gradient term T (x, y) is positive for the bright region in the front of the target, while it is calculated as negative values for the dark region in the rear of the target. It is clear that T (x, y) is evaluated approximately as zero for the interior region of the target. Thus, r i power ratio in the edge subwindows that are adjacent to the front (rear) sides of the target motion direction would be increased (decreased). Regarding Fig. 4 , this means that target movement vector is in the direction of increasing power ratio, r i .
Conclusion
Fixed tracking window, which is a defect of some tracking algorithm, can result in walk-off errors which can deviate the tracker from actually estimating the position of the target and make the track to fail. In this paper, we suggested a fast and robust tracking algorithm based on adaptive sizing of the target window. It firstly brings the temporal gradient of tracking window into account and then by analyzing the spatiotemporal gradient powers in each of the edge subwindows that are located inside the tracking window, it only uses the target powers to calculate the expanding vector associated with each side of the tracking window. Moreover, target motion vectors are simply estimated by vector sum of these expanding vectors. Experimental results show that not only the proposed algorithm is robust to dynamic occlusion, but the computational cost is also low enough. Therefore, it is
